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Abstract:

Recent surge in wildfire emissions from the Western USA and Canada significantly
elevates the surface ozone levels across the Continental USA, hindering regulatory
compliance and undermining public health!?. Here, we develop a full-coverage, long-term
(2003-2023), high-resolution (1 km), daily surface ozone dataset over the Continental USA
using deep learning, with strong performance in capturing exceedance events of National
Ambient Air Quality Standards. Compared to benchmark Copernicus Atmosphere Monitoring
Service reanalysis, the dataset captures 2.5 additional exceedance events and avoids 7.5 false
alarms on average per monitoring station per year. It better resolves wildfire-driven ozone
peaks spatially and temporally as compared to sparse station measurements, and enables
neighborhood-scale compliance assessment, improving upon current county-scale
evaluations. Our dataset reveals a reversal in national trends of ozone exposure and
associated premature mortality: a decline during 2003-2013 (-0.25 ppb-year™'; —2.81
deaths-million~'-year™") followed by an increase during 2013-2023 (+0.10 ppb-year™'; +1.22
deaths-million~!-year!). The reversal is primarily driven by rising fire emissions, with the
most severe fire impacts on ozone exposure and associated mortality in 2023 (2.34 ppb; 7100
premature deaths), followed by 2021 (1.64 ppb; 4900 premature deaths) and 2020 (1.49 ppb;
4300 premature deaths). While the Western USA consistently experiences high ozone levels,
the fastest increase occurs in the urban Midwest. In 2023, the long-range transport of
Canadian fire emissions place additional 78 million people in nonattainment zones,
effectively preventing a potential 5-ppb tightening of ozone standard and erasing a decade of
mitigation progress. Growing challenge in ozone regulation and public health protection is
expected in the coming decades as wildfire emissions increase under a warming climate'%”7,

Main

Despite regulated reductions in anthropogenic emissions of ozone (O3) precursors,
observation stations indicate that policy-relevant surface Os levels have pleated since 2013%,
potential linked to increased fire emissions from the Western USA and Canada®. This
stagnation poses challenges to meet and potentially tighten the 2015 USA National Ambient
Air Quality Standards (NAAQS), which sets a health-based limit of 70 parts per billion (ppb)
for O3, expressed as the annual fourth highest Maximum Daily 8-hour Average (MDAS) O3
averaged over 3 years’. However, efforts to inform regulatory policy are largely hindered by
sparse in-situ measurements: Environmental Protection Agency (EPA) monitoring stations
cover just 4% of the populated area in the Continental USA (CONUS), assuming a 10 km
radius per station, and serve only 26% of the population (Figure 1a). As a result, NAAQS
attainment status is often designated at the county level and even cannot be determined for
many regions'’. Furthermore, only 740 out of 1998 stations have consistent records from
2003 to 2023 (Figure la), limiting the representativeness of the long-term trend derived from
this sparse network!!. It also challenges the estimates of Oz exposure and associated
mortality, which require gapless MDAS at high resolution to convolve with fine-scale
population data'>!3. Here, we employ deep learning to generate a full-coverage, high-
resolution (1 km), long-term (2003-2023) daily MDAS dataset across CONUS, with a focus
on exceedance events relevant to NAAQS. We then conduct full-coverage neighborhood-
scale NAAQS assessments, analyze the long-term trends of O3 exposure and its mortality
burden, and evaluate the feasibility of implementing stricter standards, providing critical
insights for O policy in the era of rising fire emissions.



Full-coverage O; mapping via deep learning

While Machine Learning (ML) has gained traction in generating gapless atmospheric
datasets, long-term ML-based MDAS datasets are not available over CONUS after 2016413,
missing recent years of heightened wildfire emissions*!¢. Furthermore, existing ML studies
tend to underestimate MDAS values during extreme events (MDAS > 70 ppb), often by 50-
80%, due to training biases favoring lower values (Table S1). This underestimation is
reflected in regression slopes less than unity when comparing ML predictions with
observations, leading to substantial undercounting of exceedance days'’.

To address these limitations, we develop a Multi-Layer Perceptron (MLP) model with
a custom cost function that emphasizes extreme events (detailed in Methodology). We
benchmark its performance against the Copernicus Atmosphere Monitoring Service (CAMS)
reanalysis based on out-of-sample 5-fold cross-validated results (Figures 1d-e). CAMS
explains 54% of the total variability in EPA daily MDAS8 measurements, with a root mean
squared error (RMSE) of 11.05 ppb and a mean bias (MB) of +4.24 ppb. It tends to
overestimate lower values (< 50 ppb) and underestimate extremes (>70 ppb), with a
regression slope of 0.76. In contrast, MLP demonstrates significant improvements with an R>
value of 0.88 (63.0% increase), an RMSE of 4.99 ppb (54.8% reduction), and an MB of
—0.04 ppb (99.1% reduction). Importantly, MLP improves prediction of exceedance events,
increasing the hit rate from 46.0% to 73.8% (+2.5 exceedance events per station per year) and
reducing the false alarm ratio from 74.2% to 39.6% (7.5 false alarms per station per year).
These advancements, including a regression slope of 0.98, are crucial for evaluating NAAQS
compliance, where exceedance events should not exceed 3 times per year at a given station.
Out-of-station 5-fold cross-validated results further confirm the model’s improvements in
predicting extreme events, indicated by a regression slope of 0.90 (Figure S1).

We apply the MLP model across CONUS to produce gapless daily MDAS estimates,
enabling full-coverage NAAQS assessment (Figure 1b). The MLP results capture
nonattainment urban regions in California, Arizona, Utah, Colorado, Eastern Texas, Georgia,
the Lake Michigan region, and Greater New York, consistent with the EPA designation in
Figure la. Notably, it uncovers under-monitored nonattainment regions. For instance,
Western Texas and Southeastern New Mexico have been in nonattainment since 2018 due to
increased oil and gas activities, as evidenced by enhanced gas flaring'®!® and tropospheric
NO: signals®. Yet, these regions remain undesignated by EPA'C, highlighting a need for
expanded monitoring.

Furthermore, by incorporating fine-scale features representing local anthropogenic
and biogenic emissions (See Table S2 and Methodology), the MLP captures Os variability at
1 km resolution, offering neighborhood-scale NAAQS assessments over traditional county-
scale evaluations limited by EPA station density!®. A zoom-in over Houston shows
nonattainment areas align closely with densely populated zones (Figure 1b), informing more
targeted mitigation strategies.

MLP-predicted dataset also effectively captures wildfire-driven peaks, especially in
rural and remote regions underrepresented by EPA stations. Figure 1¢c compares the MDAS
trends during the warm season (April-September, largely corresponding to the fire season)
based on sparse EPA observations with those from full-coverage MLP estimates. Full-
coverage MLP results show an increasing trend of 0.25 ppb-year~! since 2016, capturing the
peaks in 2018, 2021 and 2023, corresponding with major wildfire years in the Western USA
or Canada. In contrast, the EPA trend is nearly flat (+0.05 ppb-year™') and fails to capture the
peaks in 2018 and 2021. Note that the trends from MLP results collocated with EPA sites
closely match those from EPA stations, indicating that the differences in overall trends



primarily stem from differences in spatial coverage. These findings highlight the value of a
long-term, full-coverage, high-resolution daily MDAS dataset to inform Os policy.
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Figure 1: Need for a long-term, full-coverage, high-resolution MDAS8 O3 dataset. (a)
EPA stations overlaid on LandScan population density (blue triangles: long-term
observations from 2003 to 2023; black circles: no long-term observations). Red polygons
show the county-scale nonattainment regions designated by EPA. (b) MLP-predicted annual
fourth highest MDAS averaged over 2021-2023, highlighting nonattainment regions (>70
ppb) at the neighborhood scale. (¢) Time series and trends of warm-season MDAS from 2003
to 2023, based on full-coverage MLP estimates (red), sparse EPA stations (blue), and MLP
results collocated with EPA sites (grey). Asterisks denote significance levels of linear trends:
p <0.1 (*),p<0.05 (**), p<0.01 (***). (d-e) are the performance of (d) benchmark CAMS
reanalysis and (e) MLP predictions, validated against EPA measurements. Black solid lines
are 1:1 lines; black dashed lines are best fits; red dashed lines are the 2015 NAAQS standard;
color represents data density. Results are based on out-of-sample 5-fold cross-validation.

O3 exposure and mortality trends

We evaluate long-term O3 exposure and associated mortality burden across CONUS
from 2003 to 2023 using our MLP-predicted dataset. Previous assessments typically derive
full-coverage MDAS dataset from simple interpolation of in-situ measurements'>2!? or rely
on outputs from Chemical Transport Models (CTMs)'*?**, However, CTMs often
overestimate MDAS by 3-7 ppb, leading to inflated mortality estimates'??°>?7. Their coarse
spatial resolution further introduces uncertainties when convolved with fine-scale population
data®®, whereas our high-resolution MLP dataset enables more accurate estimation of O3
exposure and associated mortality. Our dataset also allows for long-term trend analysis for
over two decades, which is particularly important as recent increase in wildfire emissions
continue to exacerbate public health burden®. We use warm-season average MDAS as
exposure metric, consistent with the World Health Organization long-term air quality
guidelines®. We also use it to estimate long-term Os-attributable premature mortality (See
Methodology).



While the Western USA consistently experiences high Os levels, we find that O3 and
associated mortality increase mostly rapidly in urban Midwest during 2013-2023. Figures 2a-
f show the spatial distributions and grid-by-grid trends of the MLP-predicted warm-season
average MDAS and associated all-cause premature mortality over CONUS. Os levels
exceeding 50 ppb (WHO long-term interim target 1) are seen in California and the
Intermountain West, contributing to 200-300 annual premature deaths per million population.
High O3 levels (~50 ppb) are also found in Texas, the South Atlantic States, the Rust Belt,
and the Greater New York area, with associated mortality burden of 150-200 premature
deaths per million population per year. During 2003-2013, O3 decreases at statistically
significant rate (>1 ppb-year!) in California and the Southeastern USA, likely due to
anthropogenic NOx reduction’’. Most regions exhibit decreasing Os trends except for parts of
the central USA. Correspondingly, premature mortality decreases by 2-4
deaths-million~!-year~! in most regions. However, grid-by-grid Os trends largely reverse in
2013-2023, with widespread increases exceeding 0.25 ppb-year~! across the intermountain
West, the Midwest, and the Gulf Coast. The increase is most pronounced in urban areas in the
Midwest, where premature mortality increases sharply by 4-5 deaths-million~!-year'.

National trends of O3 exposure and associated mortality have reversed since 2013
mainly driven by increasing fire emissions. To estimate fire influence, we use CAMS surface
Carbon Monoxide (CO) reanalysis as a fire proxy and exclude days with high CO levels
(detailed in Methodology). The estimated fire contribution to warm-season ozone strongly
correlates (Pearson R = 0.71) with the dry matter burned reported by the Global Fire
Emissions Database version 4s (GFED4s) in the Western USA, demonstrating the robustness
of the approach (Figure S2). The national and regional trends of O3 exposure and associated
mortality, as well as estimated fire impacts, are given in Figures 2g-1. Nationally, O3
exposure declines by 0.25 ppb-year~! during 2003-2013, leading to a premature mortality
decrease of 2.81 deaths-million~!-year~!. In contrast, 2013-2023 sees an increasing trend of
0.10 ppb-year~! in O3 exposure and a corresponding rise in premature mortality of 1.22
deaths-million~!-year~!. After excluding fire impacts, these trends become nearly neutral,
indicating that fire emissions are the primary driver of the reversed national trends. The
largest fire-enhanced O3 exposure and associated mortality occurs in 2023 (+2.34 ppb and
+7100 premature deaths, rounded to nearest hundred), followed by 2021 (+1.64 ppb and
+4900 premature deaths) and 2020 (+1.49 ppb and +4300 premature deaths).

Regional O; trends either reverse (e.g., Midwest) or plateau (e.g., Western USA)
since 2013 due to increasing fire emissions. For regional trend analysis, we divide CONUS
into the Western USA, Midwest, Northeast, and South (Figure 2a), which share similarities in
their underlying geography and climate. During 2003-2013, the Midwest sees decreasing
trends in O3 exposure and associated premature mortality of 0.17 ppb-year—! and 2.06
deaths-million~!-year~!, respectively. This reverses in 2013-2023, with increasing trends of
0.19 ppb-year'and 2.11 deaths-million~!-year~!, which exceed national trends. The largest
fire-enhanced O3 exposure and associated mortality occurs in 2023 (+3.32 ppb and +2100
premature deaths), followed by 2021 (+2.33 ppb and +1400 premature deaths) and 2020
(+1.67 ppb and +1000 premature deaths). After excluding high fire days, trends in the
Midwest become nearly flat, suggesting the dominant role of transported wildfire emissions.
In the Western USA, O3 exposure and associated premature mortality decline by 0.19
ppb-year! and 2.31 deaths-million~'-year~! in 2003-2013 but then plateau during 2013-2023.
After removing fire impacts, decreasing trends would resume in the second decade,
indicating that the stagnation is due to elevated fire emissions. The largest fire-enhanced O3
exposure and associated mortality occurs in 2020 (+2.41 ppb and +1600 premature deaths),
followed by 2017 (+1.51 ppb and +1000 premature deaths) and 2021 (+1.38 ppb and +1000



premature deaths). These results highlight the urgent need to curb O3 exposure and associated
mortality, especially in the context of rising fire emissions that threaten to offset public health
gains from anthropogenic emission reduction.
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Figure 2: Spatial distributions and trends of O3 exposure and associated premature
mortality amid declining anthropogenic emissions and increasing fire emissions. (a-b)
are the climatology mean during 2003-2023 of (a) warm-season average MDAS and (b)
associated annual long-term Os-attributable all-cause premature deaths across CONUS. The



western USA and Midwest regions are highlighted in (a). (c-d) are the grid-by-grid trends for
2003-2013, in (¢) warm-season MDAS and (d) long-term Os-attributable premature deaths.
(e-f) are the same as (c-d) but for 2013-2023. Black dots indicate the trend is statistically
significant at the 0.1 level. (g-i) are the time series and trends of population-weighted warm-
season average MDAS over (g) CONUS, (h) Western USA and (i) Midwest. (j-1) are the
corresponding time series and trends of long-term Oz-attributable premature deaths (j)
CONUS, (k) Western USA and (1) Midwest. Red lines represent MLP-predicted results; blue
lines show counterfactual estimates without fire impacts; shaded areas indicate uncertainty

range. Linear trend slopes are annotated, with significance levels denoted by asterisks: p <
0.1 (*), p<0.05 (**).

Challenge in meeting and lowering Os standards

We assess the progress of NAAQS compliance for recent years marked by elevated
wildfire emissions and examine the feasibility of lowering the current NAAQS standard.
Under the current 2015 NAAQS, MDAS should not exceed 70 ppb more than 3 days per year
on average. However, epidemiological studies have reported increased mortality and
morbidity even at Os levels below this threshold*!. The WHO recommends a more stringent
short-term O3 guideline of 50 ppb, with an interim target of 60 ppb?’.

Figures 3a-b presents the annual exceedance days under various O; standards for
2020-2022 and Canadian fire-influenced year 2023. During 2020-2022, 21% of the CONUS
population (70 million people) live in nonattainment areas under the currently 70 ppb
standard, with 64%, 8%, and 2% exposed to at least 1 day, 1 week, and 1 month of
exceedance, respectively. Southern California experiences the highest exceedance levels (>1
month), with week-long exceedances also observed in the urban areas of Arizona and
Colorado, and the Permian Basin. Exceedances of more than 3 days are also common in
urban Texas, the Lake Michigan region, and the New York City. If the standard was lowered
to 65 ppb, 44% of the population (148 million people) would fall into nonattainment, with
87%, 23%, and 4% experiencing at least 1 day, 1 week, and 1 month of exceedance. If the
standard was further lowered to 60 ppb, the proportion of population living in nonattainment
zones would further increase to 75% (253 million people).

The 2023 Canadian fire smoke poses an even greater challenge to meeting and
potentially lowering the O3 standard. That year, 44% of the population (148 million people)
fall into nonattainment under the 70-ppb standard, equivalent to the population in
nonattainment under the 65-ppb standard in 2020-2022 (Figure 3c). Essentially, the 2023
Canadian wildfires prevent the USA from lowering O3 standard by 5 ppb. It also offsets a
decade of O3 mitigation progress, returning compliance levels to those seen in 2011-2013
(Figure 3d). In 2023, 74%, 25%, and 2% of the population experiences at least 1 day, 1 week,
and 1 month of exceedance. Widespread exceedances occur across the Midwest (>1 week),
with impacts extending into the Northeast (e.g., Greater New York) and the Deep South (e.g.,
Texas and Georgia). Under a 65-ppb standard, 72% of the population (243 million people)
would be in nonattainment, with 90%, 53%, and 8% exposed to at least 1 day, 1 week, and 1
month of exceedance. Under a 60-ppb standard, the percentage of population in
nonattainment would further rise to 90% (303 million people). These results demonstrate the
challenge in adopting a more stringent O3 standard as growing wildfires contribute to high O3
episodes.
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Figure 3: Challenge in meeting and lowering O3 standards under growing fire impacts.
(a) Average annual exceedance days during 2020-2022 under the current 2015 NAAQS (70
ppb) and hypothetical lowered standards of 65 ppb and 60 ppb. Exceedance days of 4 and
above correspond to nonattainment status. Inset pie charts show the population distribution
by exceedance days, with annotated percentages in nonattainment. (b) Same as (a) but for the
Canadian fire-influenced year 2023. (¢) Percentage of CONUS population living in
nonattainment areas under different O3 standards for 2020-2022 climatology and 2023. (d)
Time series of percentage of CONUS population living in nonattainment areas under the
current 2015 NAAQS from 2003 to 2023.

Conclusions

The recent surge in wildfire emissions from the Western USA and Canada has
significantly elevated surface O3 levels across CONUS. Yet, full-coverage MDAS O3 datasets
remain lacking for high fire years after 2016, limiting the ability to inform regulatory policy
and public health impacts. Here, we address the gap by developing a full-coverage MDAS O3
dataset at 1 km resolution from 2003 to 2023 using deep learning, with demonstrated strong
skills in capturing exceedance events of NAAQS. Our results reveal a reversal in national
trends: O3 exposure and associated premature mortality decrease during 2003-2013 (-0.25
ppb-year! and —2.81 deaths-million~!-year~!) owing to declining anthropogenic emissions,



but increase during 2013-2023 (+0.10 ppb-year ' and +1.22 deaths-million~!-year™') largely
driven by increasing fire emissions. The most significant fire enhancements in O3 exposure
and associated mortality occur in 2023 (2.34 ppb and 7100 premature deaths), followed by
2021 (1.64 ppb and 4900 premature deaths) and 2020 (1.49 ppb and 4300 premature deaths).
While the Western USA consistently experiences high O3 levels, the most rapid increases are
observed in the urban Midwest. The long-range transport of Canadian fire emissions in 2023
results in additional 78 million people living in NAAQS nonattainment areas, effectively
preventing the USA from tightening the O3 standard by 5 ppb and offsetting a decade of O3
mitigation efforts. Escalating challenge in O3 regulation and public health protection is
expected as wildfire emissions continue to rise under climate change'%’. Mitigating climate
change and fire prevention measures can lead to improved standards of air quality and
potentially bring large benefits to public health.

Methods
Big data for deep learning

The ML target is the EPA daily MDAS station measurements from 2003 to 2023,
aggregated to a 0.01° (~1 km) resolution. Input features are selected based on physical
principles and O3 chemistry, including datasets from model reanalysis and satellite remote
sensing, all resampled to the target resolution (0.01°, daily) before training (Table S2). Key
features include surface concentrations of O3 and its precursors (i.e., nitrogen dioxide (NO2)
and formaldehyde (HCHO)) from CAMS global reanalysis®2. Specifically, CAMS MDAS
values are derived from 3-hourly raw concentrations, which are interpolated to an hourly
resolution, adjusted to local solar time, and processed using an 8-hour running average to
yield 17 values a day, with the maximum representing MDAS. Given the relatively coarse
resolution of CAMS global reanalysis (~75 km), high-resolution emission proxies are
incorporated. For anthropogenic emissions, these proxies include LandScan population
count®® (~1 km) and Visible Infrared Imaging Radiometer Suite (VIIRS) nighttime light**
(~375 m), the latter of which has been used to downscale NOx emissions*. Biogenic VOC
emissions are represented using the normalized difference vegetation index (NDVI) (~1 km)
from Moderate Resolution Imaging Spectroradiometer (MODIS)?°. These fine-scale satellite
products are obtained at a monthly or annual resolution, and are gap-free after temporal
oversampling. Sunlight intensity, essential for driving O3 production, is represented by all-
sky shortwave down flux at the surface (~100 km), obtained from the Clouds and the Earth’s
Radiant Energy System (CERES)*’.

Key meteorological features, including temperature at 2 m, humidity (expressed as
dew point depression at 2 m, i.e., difference between temperature and dew point), zonal and
meridional wind at 10 m (~10 km resolution), and boundary layer height (~25 km), are
obtained from the fifth generation European Centre for Medium-Range Weather Forecasts
atmospheric reanalysis of the global climate (ERA5)**3°. Additional features include terrain
elevation (~30 m) measured by the Advanced Spaceborne Thermal Emission and Reflection
Radiometer (ASTER)*, as high elevation regions are more susceptible to stratospheric O3
intrusion events*!, and receive more sunlight due to less absorption from a thinner
atmosphere*?, thus fostering O3 formation. The open water fraction is determined for each
0.01° grid cell by calculating the percentage of water pixels within a 10° X 10° sliding
window. High open water fraction highlights areas influenced by sea/lake breeze circulation,
often associated with the high O3 episodes due to recirculation and accumulation of O3 and its
precursors coupled with limited vertical mixing****. Auxiliary features include MODIS land
use type* (~500 m) and day of the year. Finally, the relative feature importance is calculated
using the Shapley Additive Explanations (SHAP) approach*® (Supplementary Text S1).



MLP model with custom cost function

We employ MLP with a custom cost function to address data imbalance and improve
prediction during extreme events. Data imbalance is usually tackled using techniques like
over-sampling minority classes, under-sampling majority classes, or cost-sensitive
learning*”*%, but awareness remains limited within the air pollution community that leverages
ML#*-3_ Indeed, the histogram of EPA MDAS8 measurements resembles a Gaussian
distribution, although slightly right-skewed, with a mean of 41.7 ppb and a standard deviation
of 13.7 ppb (Figure S3). Extreme events (MDAS > 70 ppb) occur approximately 2 standard
deviations above the mean, accounting for only 2.4% of the total measurements.

In MLP, the output target is related to input features via numerous fully-connected
hidden layers!. Model parameters are optimized iteratively during training by minimizing
the cost function, which is typically the mean squared error between ground truth (y) and
MLP prediction (y). However, this standard approach treats each sample equally, which may
introduce bias when the dataset is imbalanced. Therefore, we design a cost function (C) based
on weighted mean squared error, where rarer occurrences are given higher weights:

Ntrain 5
_ Zk;1 Wk(yk - yk)z

Zgir;\in W (Eq. 1)

C

Here, Nipain 1s the number of training samples, y; and ¥ represent the ground truth and MLP
prediction of the kth sample, and W}, is the weight of the kth sample. The weight is
determined based on the Z-score, such that sample with rarer occurrences are assigned higher
weights, given the distribution is “Gaussian-like”:

|Zk|

We=et (Eq.2)
Zk — Yk — Ymean (Eq. 3)
YVstd

In these equations, Zj, is the Z-score of the kth sample, yean and Ysiq are the mean and
standard deviation of the training dataset, and y is the weight scaling factor. In our study, y is
set to 1 after hyperparameter tuning. The weights (W},) as a function of EPA MDAS
measurements (yy) are shown in Figure S3. The minimum weight is 1 when EPA MDAS
measurement is 41.7 ppb (Z-score = 0). The weight increases exponentially with the absolute
value of Z-score, with a value of 8.2, 24.8, and 109.2, when MDAS is 70, 85, and 105 ppb,
respectively. This custom cost function ensures that the model gives more attention to rare
occurrences, including extreme highs and extreme lows, thereby improving prediction for
these cases.

The MLP model is trained every year, which undergoes 5-fold cross-validation in
both an out-of-sample (i.e., splitting based on all training samples) and out-of-station fashion
(i.e., splitting based on EPA stations). The final models, after hyperparameter tuning, consist
of a deep architecture with 9 hidden layers, each containing 1024 neurons. Stochastic
gradient descent is employed for back propagation, where the batch size is set to 128 and the
learning rate is initially set to 1 X 10 and dynamically adjusted throughout the training. The
model is trained for 2500 epochs with a dropout rate of 0.1 to prevent overfitting.



Premature deaths from long-term O3 exposure

All-cause premature deaths due to long-term O3z exposure can be estimated as
follows'%:

M, = a; P, fs,t (Eq. 4)

where M, ; is the estimated number of all-cause premature deaths attributed to long-term O3
exposure over grid s and year t, a; is the baseline all-cause mortality rate in the US in year ¢,
P; ; is the population count in grid s and year t, and f; . is the attributable fraction (i.e.,
fraction of all-cause premature death attributable to long-term O3 exposure) in grid s and year
t. The attributable fraction is calculated as:

for =1— e Fhse (Eq. 5)
0 if Xs ¢ < Xmin
AXS't B {Xs,t — Xmin isz,t > Xmin (Eg. 6)

where X ; (ppb) is the surrogate for long-term O3 exposure over grid s in year t, Xpi, (ppb)
is the theoretical minimum risk exposure level (TMREL), and AX ; is the exposure level
above the TMREL (ppb). B (ppb~') represents the exposure-response factor, which can be
derived from the hazard ratio (HR) associated with a certain increase (AY) in the exposure
surrogate reported by epidemiological studies:

HR = e~BLY (Eq. 7)

We use warm-season average MDAS as exposure surrogate (X ) and adopt an all-
cause hazard ratio of 1.011 per 10 ppb (95% CI: 1.010-1.012)*!. A TMREL of 30.0 ppb is
used as recommended by the WHO air quality guidelines®®. Population data is obtained from
LandScan??, and baseline all-cause mortality rate in the USA is obtained from the United
Nations World Population Prospects (https://population.un.org/wpp/). We apply the 2019
baseline mortality rate for the years 2020-2023 to avoid the impacts of COVID-19 on
mortality trends.

Trend analysis and fire impact estimation

A decade is generally considered sufficient to attribute O3 trends to changes in
precursor emissions rather than inter-annual meteorological variations2. For the analysis,
linear trends are determined using ordinary least squares regression, with statistical
significance assessed through a two-tailed t-test. The first (2003-2013) and second (2013-
2023) decade shows distinct patterns in trends, which are calculated separately.

To estimate fire contributions to O3 levels, we conduct a sensitivity test by excluding
locations and time periods influenced by fire emissions. The fire contribution is calculated as
the difference between MLP-predicted O3 levels and those obtained after removing fire
influences. CO is used as a tracer for fire emissions and their downwind transport due to its
role as a combustion biproduct and a long-lived Os precursor™>->*. We obtain surface CO
concentration from CAMS reanalysis, adjust it to local solar time, and aggregate it to a daily
resolution to align with MDAS data.


https://population.un.org/wpp/

To separate fire signals from anthropogenic emissions, urban regions are first
identified using an annual CO emission threshold based on the CAMS anthropogenic
emission inventory”. Within each CONUS subregion (Figure 2a), daily CO concentration is
analyzed separately for urban and non-urban amalgamations to compute the mean and
standard deviation. Fire-impacted locations and time periods are identified using a cutoff set
as the mean plus three standard deviations. Given the ~48% decline in USA anthropogenic
CO emissions from 2003 to 2023, these cutoffs are adjusted annually to account for
emission trends. Finally, a 10% uncertainty is applied in these cutoffs. During the fire season
(April-September), locations and time periods with daily CO concentration exceeding these
cutoffs are classified as fire-affected.
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